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I. INTRODUCTION
Solar cell modelling primarily involves the formulation of the non-linear current vs. voltage (I-V) curve. A few models have been proposed to describe the current-voltage relationship (I-V) in solar cells. [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] The I-V curve of a solar cell exhibits non-linear characteristics determined by the solar cell parameters that describe its model. To gain better understanding of the solar cell physics, a lumped parameter single diode equivalent circuit model is commonly used to simulate its behaviour under different operating conditions. 8 Practically, there are two main equivalent circuit models used to describe the non-linear I-V relationship, which are single and double diode models. The key parameters that describe solar cell model behaviour are the generated photocurrent, saturation current, series resistance, shunt resistance, and ideality factor. Therefore, to provide the accurate modelling and performance evaluation of a given solar system, a valid estimation of this parameter is always required.
In recent years, the metaheuristic optimization algorithms such as Genetic Algorithm (GA), 1,9,11 Simulated Annealing (SA), 8 Harmony Search (HS), 4 Pattern Search (PS), 2, 3 Artificial Bee Swarm Optimization algorithm (ABSO), 5 Bird Mating Optimizer (BMO), 6 and Particle Swarm Optimization (PSO) [12] [13] [14] solving this problem due to their global search power as well as derivative-free advantage. However, these approaches sometimes are trapped at local points.
The PSO algorithm is a swarm intelligence optimization algorithm based on observations of the social behavior of bird flocking. 12, 15, 16 Numerous authors have developed and improved various versions of PSO algorithm. 12, 14, [16] [17] [18] However, every version of PSO has different advantages for different complex optimal problem. In classical PSO, premature convergence is always occurring due to the lack of diversity of PSO algorithm. The Nelder-Mead (NM) simplex search method is introduced by Nelder and Mead. 19 It is a simple and direct search method that does not require calculation of derivatives. However, this algorithm tends to find local optimum solution rather than the global optimum solution. The conventional NM-PSO method was developed by Zahara and Liu 20 to overcome the weaknesses of the NM and PSO algorithm. In this paper, a new hybrid Nelder-Mead and Modified PSO (NM-MPSO) is proposed. The NM-MPSO is used to avoid premature convergence in the early stages of the search and improved convergence speed. In this paper, a mutation operator is incorporated to the PSO to increase the diversity of the population and enhance the ability of PSO to avoid the premature convergence. The proposed NM-MPSO algorithm is applied to identify the optimal parameters of a 57 mm diameter commercial (R.T.C. France) silicon solar cell. 7 In order to evaluate the performance, the obtained results are compared with those of ABSO, BMO, SA, PS, HS, and Chaos PSO (CPSO). In addition, the proposed algorithm is used to estimate these five parameters for an experimental test bench unit built using 72 mono-crystalline silicon cells (HIP-210NKHB5-2 module) and the results obtained show a good agreement. This paper is organized as follows. Section II provides an overview of the solar cell model. Section III reviews the PSO algorithm. Section IV presents the NM simplex search method. The proposed NM-MPSO algorithm is briefly discussed in Section V. Section VI explains the results and validates the performance of the proposed method. Finally, Section VII summarizes the work.
II. SOLAR CELL AND MODULE MODELLING
Although various models have been developed in the literature to describe the behavior of solar cells, only two models are used practically, i.e., the single diode model and double diode model. These models are simple, easy to solve, and suitable for electrical engineering applications. In Subsections II A and II B, these two models are briefly presented.
A. Single-diode model
Single diode model can be represented using equivalent electrical circuit as shown in Figure 1 . It consists of a photo-generated current source ðI ph Þ, anti-parallel diode, a series resistance ðR s Þ, and a shunt resistance ðR sh Þ. This model is known as single diode model and is widely used to represent the solar cell behavior.
1-11 The output current, I a , is given as
Considering Shockley equation for the diode current, I d , and substituting the current of the shunt resistor, I sh , Equation (1) is rewritten in the following form:
where V a is the solar cell output voltage, a is the diode ideality factor, and V t ¼ kT q represents the thermal voltage. The parameter k is the Boltzmann constant ð1:3806503 Â 10 À23 J=KÞ, q is the electron charge ð1:60217646 Â 10 À19 CÞ and T is the temperature of the solar cell in Kelvin (K). In the single diode model, there is five unknown parameters, namely, R s , R sh , I ph , I o , and a.
B. Double-diode model
In this model, an extra diode is added in parallel to the circuit of single-diode model as shown in Figure 2 . The inclusion of an additional diode increases the number of computed parameters. The following equation describes the output current I a of the cell:
where I ph is the photo-generated current, I d1 and I d2 are the first and second diode currents, respectively, and I sh is the shunt resistor current. Referring the Shockley equation for the diode currents and substituting the current of the shunt resistor, Equation (3) can be rewritten as the following equation:
where I o1 and I o2 are the diffusion and saturation currents of diode 1 and diode 2, respectively.
In the double diode model, the number of the unknown parameters increases to seven, namely, R s , R sh , I ph , I o1 , I o2 , a 1 , and a 2 . To reflect the solar cell performance as well as that of the actual system, the identification of the parameter is important.
The PV module consists of series and parallel solar cell combinations, that is, series strings are connected in parallel with each other. A typical model configuration of a PV module (using single diode model) is shown in Figure 3 , and the terminal equation that relates the currents and voltages of a PV module arranged in N p parallel strings and N s series cells is mathematically expressed in the following equation:
FIG. 2. Double-diode model equivalent circuit.
Partial shading effect
Partial shading of PV modules is one of the most common problems that encountered in PV array. The whole or some parts of the PV array might be shaded by passing clouds, snows, trees, high building, etc., which can affect the modelling and I-V curves of PV module. Figure  4 represents the equivalent circuit of two PV modules with series connected. Taking the presence of a single bypass diode into consideration, the output current of the unshaded cells group can be written as
and the output current of the shaded cell group is 
III. PARTICLE SWARM OPTIMIZATION (PSO)
PSO is a population-based stochastic swarm intelligence optimization method introduced by Kennedy and Eberhart. 15 It has the capability in finding global optimal points by using the social interaction of unsophisticated agents. In PSO, each particle flies or swims through a multidimensional space with velocity updated by movement inertia, self-cognition, and social interaction. 21 The PSO algorithm is initialized with a group of random particles (solutions) and then searches for optima by updating generations. Each particle x i flies through the D-dimensional search space with a velocity v i , which is dynamically adjusted according to its own previous best solution P best i and the previous neighborhood best solution G best of the entire swarm. The velocity updates are calculated as a linear combination of position and velocity vectors
where each particle's position x i represents a possible solution point in the problem search space, w is the inertia weight, C 1 and C 2 are the acceleration coefficients, r 1 and r 2 are random numbers between 0 and 1, n is the iteration number, and i is the particle size, i ¼ 1; 2; :::; M. Then, each particle is updating its position using the following equation:
The inertia weight w in Equation (8) is introduced by Shi and Eberhart. 22, 23 The idea is to provide balancing between the global search and local search. It can be a positive constant or even a positive linear or nonlinear function of time. 22 In order to have better global search ability at the beginning and better local search ability near the end, the inertia weight is decreased linearly over the generations. 23, 24 In this work, the inertia weight is varied linearly using the following equation:
where w s ¼ start weight, w e ¼ end weight, m ¼ maximum iteration value, and n ¼ current iteration index. Improved optimal solution was observed when inertia weight is varying from 0.9 to 0.4 over an entire search range. 23, 25 Acceleration coefficients C 1 and C 2 control the movement of each particle towards its local and global best positions, respectively. Small values of the acceleration coefficients limit the movement of the particles, while large numbers may cause the particles to diverge. 21 Instead of having a fixed value, a time varying value of acceleration coefficients proved to provide better performance of PSO after certain number of iterations. 26 With the aim to increase global search in the beginning and encourage particles to converge to global optimum point at the end of search, the acceleration coefficients, C 1 and C 2 , are adjusted as follows:
where C 1s , C 2s , C 1e , and C 2e are the start and end values of acceleration coefficients C 1 and C 2 , respectively. Through empirical studies, it has been observed that the optimal solution can be improved by varying the value of C 1 from 2.5 to 0.5 and C 2 from 0.5 to 2.5 over the entire search range.
16,25
IV. NELDER-MEAD (NM) SIMPLEX SEARCH METHOD
The NM simplex search method is a simple direct search technique introduced by Nelder and Mead. 19 It is a good local search method that has been widely used in an unconstrained optimization problem. It uses four basic procedures: reflection, expansion, contraction, and shrinkage to rescale the simplex search method on the local behavior of the function. The flowchart of the NM method is shown in Figure 5 . 
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V. PROPOSED HYBRID NELDER-MEAD AND MODIFIED PARTICLE SWARM OPTIMIZATION ALGORITHM (NM-MPSO)
In this section, based on the PSO method, the new hybrid NM-MPSO algorithm technique is proposed. The NM simplex search method is a very efficient local search procedure but its convergence is very sensitive to the selected starting point, whereas PSO algorithm is capable of finding a global optimal solution but requires much computational effort during the optimization process. These two algorithms are combined in order to avoid premature convergence and improved convergence speed. In this paper, a mutation operator is incorporated to the PSO to increase the diversity of the population and enhance the ability of PSO to avoid the premature convergence.
Before continuing with the optimization operations, a performance criterion or an objective function should be defined. In order to define the objective function, the current-voltage (I-V) relationship given in of Equations (2) and (4) are rewritten in the following homogeneous equations: 
where N is the number of data points, I ai and V ai are i th measured current and voltage pair values, respectively. During the optimization process, the objective function is to be minimized with respect to the parameters range. The flowchart and the block diagram representation of the proposed NM-MPSO method is shown in Figures 6 and 7 , respectively. C for solar cell 7 and at 45 C for the module. 3 The adjustable parameters for proposed NM-MPSO algorithm are given in Table I . The algorithm is coded using Matlab environment.
A. Case study 1: Single-diode model
In this case, solar cell data is used to obtain the cell parameters using the single diode models. Table II shows optimal parameters and the root mean square error (RMSE) value obtained by proposed NM-MPSO, NM-PSO, and PSO. It is observed that proposed NM-MPSO outperforms the PSO, NM-PSO. Therefore, the optimal parameters identified by the proposed NM-MPSO are very accurate because it is closer to the real parameters of the system.
The I-V characteristic is reconstructed to investigate the quality of the identified parameters. This is simply achieved by calculating Equation (2) using Newton method when I a is considered unknown while V a is known. Figure 8 shows the comparison data between the results produced by the optimal parameters and the measurement data for single diode model. Among the three techniques, the proposed NM-MPSO produces the lowest error. Low error means that it is close to the reference value. Hence, it can be observed that the I-V characteristic obtained by the identified model using proposed NM-MPSO algorithm is in good agreement with the measurement data.
B. Case study 2: Double-diode model
In this case, two more unknown parameters are added to this problem ðI o2 ; a 2 Þ, making the overall unknown parameters become seven. The optimal parameters and RMSE value for the double diode model identified from the proposed NM-MPSO, NM-PSO, and PSO are shown in Table III . Similar to the results in single diode model case, the proposed NM-MPSO still produces the best value of RMSE.
In the same manner to the single diode model case, the I-V characteristic is rebuilt by calculating Equation (4) using Newton method when I a is considered unknown while V a is known. Figure 9 shows that the I-V characteristics found by proposed NM-MPSO is in good agreement with the experimental data.
C. Case study 3: PV module model using single-diode model
In this case, PV module data is used to obtain the PV module model parameters given in Equation (5) . The optimal parameters and RMSE value for the PV module using the proposed NM-MPSO are shown in Table IV PSO. The I-V for the PV module based on the extracted parameter is shown in Figure 10 . It can be observed that the proposed NM-MPSO produces an error of 1.8764% compared to NM-PSO and PSO which produce 1.9286% and 1.9149% of error, respectively. The results prove FIG. 9 . Simulation results for the double-diode model.
that the I-V characteristic of the proposed NM-MPSO is in good agreement with the experimental data.
D. Speed of convergence and relative error
The convergence speed can be reflected by the iteration times to obtain optima. The convergence process for all three methods is illustrated in Figure 11 . As can be seen, the proposed NM-MPSO converges fast compared to NM-PSO and PSO. For single-diode model, Figure  11 (a) shows that the proposed NM-MPSO nearly reaches the optimum solution after 112 iterations, whereas the NM-PSO and PSO nearly reach the optimum solution after 2890 iterations and 1720 iterations, respectively. Figure 11(b) shows the convergences rate for double-diode model, similar to the single-diode model; the proposed NM-MPSO converges the fastest. The proposed NM-MPSO almost reaches the optimum solution after 190 iterations, while the NM-PSO and PSO almost reach the optimum solution after 1956 iterations and 1287 iterations, respectively. For the PV module, the proposed NM-MPSO almost reaches the optimum solution after 78 iterations, while the NM-PSO and PSO nearly reach the optimum solution after 501 iterations and 1629 iterations, respectively. From Figure 11 (c), it can be seen that the proposed NM-MPSO also converges fast compared to NM-PSO and PSO.
In order to confirm the accuracy of the extraction process, the mean absolute error (MAE) is calculated using the following formulae:
where N is number of measurement and e is relative error obtained as follows:
The computed value of e for each measurements and MAE of single-diode, double-diode, and PV module model are tabulated in Tables V-VII, respectively. The value of MAE indicates the high accuracy of the proposed method. When comparing the accuracy of single and double diode model, it can be observed that the double diode model is more accurate than the single diode model because the RMSE value for double diode model is 9.825040 Â 10 À4 while for single diode model is 9.860219 Â 10 À4 . An error of 0.36% indicates the suitability and accuracy of the single diode model.
E. Comparisons with previous method
In this section, the results identified by the proposed NM-MPSO are compared with results obtained by previous method. The proposed NM-MPSO is applied to identify the parameters value of a 57 mm diameter commercial (R.T.C. France) silicon solar cell and 36 polycrystalline silicon Table VIII shows optimal parameters and the root mean square error (RMSE) value for the single diode model. The results are compared with the results obtained by BMO, 6 ABSO, 5 HS, 4 PS, 2 and SA. 8 From the table, it is observed that the proposed NM-MPSO produces better results since it has found the minimum RMSE value compared to BMO, ABSO, HS, PS, and SA. Thus, the optimal parameters found by proposed NM-MPSO are closer to the real parameters of the system.
For double-diode model, the optimal parameters and RMSE value are shown in Table IX . The results are compared with those found by BMO, ABSO, HS, PS, and SA. Similar to the results in single diode model case, the proposed NM-MPSO still gives the best value of RMSE.
The optimal parameters and RMSE value for the PV module using the proposed NM-MPSO are shown in Table X along with the comparable results obtained by SA, PS, and Ref. 7 . In this case, the proposed NM-MPSO still has found the minimum RMSE value.
Referring to the obtained results in this and Sec. VI, it can be concluded that the new proposed NM-MPSO algorithm produces better result or at least at par with previous method. Even the error produce slightly better than previous method, it is proved that this method is reliable and can be used to estimate model parameters. The less error means the correctness of previously estimated values. In order to validate this proposed method, an experimental test has been build to clarify the method reliability.
F. Experimental results
In this case, the PV module test was investigated using HIP-210NKHB5-2 module. The HIP-210NKHB5-2 module has 72 series-connected mono-crystalline silicon solar cells. The field test setup is shown in Figure 12 . It consists of two HIP-210NKHB5-2 modules connected in series and PV monitoring system tool. The data were measured using I-V curve tracer proposed in Ref. 27.
Validation on different irradiations and temperatures
There are four sets of data measured with different irradiances and temperatures. The first data set has been taken under the system with irradiance of 829.78 W/m 2 at 52. Table XI shows optimal parameters for experimental results for different irradiation and temperatures obtained using the proposed NM-MPSO algorithm. Figure 13 shows the I-V characteristics of the experimental result compared with proposed NM-MPSO algorithm. In order to verify the accuracy and the effectiveness of the proposed method, the data also have been taken under low irradiation. shows that the proposed NM-MPSO produces a low error indicating that it is close to the real data value. Thus, it is proved that the proposed NM-MPSO is a good method for extracted solar cell parameters.
Validation on partial shading condition
In order to verify the accurateness of the proposed NM-MPSO, the experiment was also carried out on partial shading condition. Figure 14 shows the configuration of two PV modules connected in series. One module is unshaded and other module is shaded. The unshaded and shaded modules receive solar irradiances G 1 and G 2 , respectively. The experimental data has been taken under 555.76 W/m 2 for an unshaded module and 169.8 W/m 2 for a shaded module. The optimal parameters for HIP-210NKHB5-2 modules on partial shading condition identified by proposed NM-MPSO algorithm are listed as follows: Figure 15 shows the I-V characteristic of the HIP-210NKHB5-2 PV array with two modules connected in series on partial shading condition. The calculated I-V characteristic of the module on partial shading condition using the proposed NM-MPSO slightly accurate matches the experimental data.
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VII. CONCLUSIONS
This paper presents the application of the proposed NM-MPSO algorithm for identifying the parameters of solar cell and PV module models. The proposed modified algorithm is implemented and tested using measurement data of a 57 mm diameter commercial (R.T.C France) silicon solar cell and solar module in which 36 polycrystalline silicon cells (Photowatt-PWP 201) are compared with previous methods. To validate the accuracy and performances of the proposed techniques, the experimental testing has been built using a HIP-210NKHB5-2 module. Results show that the proposed method is better in estimating main parameters for solar cell/ module due to the fact that lower error is produced and the convergence speed is fast compared to other metaheuristics algorithm. Additional analysis using an experimental test bench unit on different environment conditions and partial shadings also produced the same results.
